The emergence of online microfinancing platforms provides new opportunities for people to seek financial assistance from a large number of potential contributors. However, these platforms deal with a huge number of requests, making it hard for the requesters to get assistance for their financial needs. Designing algorithms to identify potential contributors for a given request will assist in satisfying financial needs of requesters and improve the effectiveness of microfinancing platforms. Existing work correlates requests with contributor interests and profiles to design feature based approaches for recommending projects to prospective contributors. However, contributing money to financial requests has a cost on contributors which can affect his inclination to contribute in the future . Literature in economic behavior has investigated the manner in which memory of past contribution amounts affects user inclination to contribute to a given request. To systematically investigate whether these characteristics of economic behavior would help to facilitate requests in online microfinancing platforms, we present a novel framework to identify contributors for a given request from their past financial information. Individual contribution amounts are not publicly available, so we draw from financial modeling literature to model the implicit contribution amounts made to past requests. We evaluate the framework on two microfinancing platforms to demonstrate its effectiveness in identifying contributors.
INTRODUCTION
The rise of online financial platforms is being utilized by people to request, borrow and contribute to loans to fulfill their various financing needs. Microfinancing sites have emerged as a popular source for people to secure funding for a business venture or personal needs. Considerable interest has been shown in recent literature [1, 6, 12] regarding the use of online microfinance platforms by primarily low-income people to seek to fund for their various financial and entrepreneurial needs [4] . Fig 1 illustrates an example of a request posted in the microfinance platform Kiva seeking help for their financial needs. In the example, a request is made by a non-governmental organization in Ghana called the Nyame Tease Group. It is seeking money to finance the purchase of food and education for the children of one of their members. The funding, in turn, would enable her to use existing funds for her business. The figure also features the set of contributors who contributed to the request. This example showcases the use of microfinancing platforms by low-income individuals for requesting loans to address their financial needs.
However, microfinancing platforms receive a high frequency of requests, and this makes it difficult for requesters to get their financial needs addressed [3] . Potential contributors have many requests on their wall, and they might not notice requests. The presence of a few highly visible requests [30] can inhibit others posted during the same time from getting noticed. Automatically identifying responders for financial requests can help the people to fulfill their financial needs and also enhance the effectiveness of micro-financing platforms.
The problem of identifying suitable contributors to financial requests faces several challenges. First, fulfilling financial requests has a cost on contributors which can alter his inclination to respond to future requests. The cost of response less prominent in informational requests, hence criteria for identifying information providers like relevance, expertise may not be sufficient here. Second, the amount contributors contributed to past requests in microfinancing platforms are not publicly available, making it hard for researchers to assess future contributing decisions based on them. Third, online microfinance platforms have a high number of requests in a given time each having many candidate contributors, leading to significant issues of scalability.
Economic research on the behavior of contributors to charity [10] emphasizes the importance of previous costs to contributors, as measured by the amounts they contributed in determining their future participation. The effect of past amounts is also explored in research on consumer behavior [26] where past prices consumers pay for commodities has been shown to shape their inclinations on future purchases. Drawing concepts from the literature on the economic behavior, we propose to leverage the effect of past contribution amounts on his inclination to contribute in the future to identify suitable responders to a given micro-financing request. Specifically, we answer the following questions: How to estimate the inclination of users to contribute to a given request from the amounts they contributed in the past? How to design financial models from the implicit past contribution amounts to identify potential contributors? The major contributions of the work are
• Formally defining the problem of identifying potential contributors to a request in online microfinance platforms; • Proposing a framework to leverage implicit past contribution amounts to identify responders to financial requests; and • Presenting extensive experimental evaluations of the framework on real-world datasets of requests posted on two microfinance platforms.
In this paper, we propose a framework that leverages financial information from the past contribution amounts to identify potential contributors for a given request. Drawing concepts from financial modeling literature, we model the effect of past contribution amounts of the user to estimate his inclination to contribute to a given request. We then utilize the financial models to identify contributors for a given funding request in online microfinance platforms.
PROBLEM STATEMENT
In this section, we present the notations and formally state the problem of facilitating requests in online microfinancing platforms. We first present the set of notations used in the paper. Matrices are denoted by boldface uppercase letters (e.g. X) , vectors by lowercase letters (e.g. x) and sets can be denoted by X. X i j signifies the element in the i th row and j t h column of matrix X.
The proposed framework with the input, the information we employ and the expected output is illustrated in Figure 2 . Let the request for funding be denoted by r . Each request is accompanied by a description outlining the reasons the funding is being requested. We denote the description by request word vector q ∈ R 1×w where w is the total number of words. Each element of the vector is set to 1 if the word is present in the description and 0 if not. Let the overall set of potential contributors be denoted by C.
Each contributor in C posts a description outlining his interests. We denote the description vector of each contributor as c ∈ R 1×w , where w are the total number of words. In addition to this, each contributor might have funded previous requests in the past, and this can be used to provide insight into his preferences. For each contributor, we denote the word vector of the previous requests he has answered by p ∈ R 1×w , where w is the total number of words. Let us denote information from the past requests which were fulfilled as P. The includes the requested amount vector r ∈ R q×1 where q is the number of past requests, and the past request matrix R ∈ R q×C , where q is the number of requests and C is the number of contributors, where R i j = 1 if contributor j contributed to request i and 0 otherwise.
Having described the notations, we now formally state the problem as follows "Given a request for funding r, the request word vector q, the set of candidate contributors C, the contributor word vector c of each candidate contributor, the previous requests word vector p of each candidate contributor, information from the past requests P, find the list of contributors for the given request. "
In this section, we defined the notations and came up with a detailed problem statement. We next provide a detailed description of the framework designed to address this problem.
THE PROPOSED FRAMEWORK
Here, we first present measures for interests of the candidate contributors to the given request using their description and the requests they responded to in the past. We draw from financial modeling literature to leverage the past implicit contribution amounts to identify contributors to a microfinance request. We finally present the complexity analysis of the algorithm to evaluate its scalability in large-scale data prevalent in online microfinancing platforms.
Measuring Contributor Interests
Research on identifying responders to online requests have proposed several measures to estimate the correlation of the candidate respondents with the request [21, 29] . We draw from these research to present metrics to estimate the contributor correlation using his interests and past response behavior. Let the word vector of the request be known as q ∈ R 1×w and the description word vector of the candidate contributor be given by c ∈ R 1×w where w is the number of words. To represent the relationship between the given request and the description of the contributor, we transform the corresponding word vectors into a common latent dimension space using S ∈ R n×w . Here n is the number of dimensions of the space (n ≪ w). We can then represent the given request r and contributor interest c in the low dimensional space by qS T and CS T respectively. We represent the interest of the contributor using his relationship between the request and his description by incorporating dimension correlation with T ∈ R n×n as
The interests of the contributor can also be determined by the previous requests towards which he contributed. Let p ∈ R 1×W determine the previous requests answered by contributor c ∈ C, where w is the total number of words. We follow a similar procedure to model the correlation of the contributor with the given request Technical Presentation WSDM'18, February 5-9, 2018, Marina Del Rey, CA, USA
The proposed framework to facilitate funding requests in online microfinancing platforms from previous requests he contributed to as
We compute the overall interests of the contributor with the given request as f = qS T TSk T , where k = c + p.
Leveraging Implicit Contribution Amounts
Contributing to financial requests bears a cost to the user, and hence the inclination of the user to contribute to a given financial request is effected by his past contribution amounts. We now design financial models to estimate the user inclination from past contribution amounts and user interest measures. User inclination to contribute to a given request can be affected by a host of factors not observable in the platform [25] , hence we model the variation of user inclination over time as a stochastic process. Let the joining time of a contributor i be t 0 and the initial value he can contribute be given by s 0 . We employ a stochastic variation process for modeling the user inclination. The following differential equation gives the stochastic variation of the user inclination of contributor i from the past contribution amount s i and correlation with the request as
where f i = qS T TSk T computes the interests of the contributor to the request, µ i is the drift which governs the deterministic component of his inclination to contribute , σ i is the variation, and W is the Wiener process that accounts for the stochastic variation [23] . The deterministic component in the loan u i weighted by his interest in the loan. The deterministic and stochastic component u i and σ i is updated for each previous transaction of the user, and models how his inclination is affected by the transaction amounts . a Solving this differential equation, the contribution amount of contributor i for a past request that was posted at time t is
From the properties of the Geometric Brownian Motion [18] , we get ln(s) ∼ N (m, v). Here N denotes a normal distribution whose mean and variation is given by
The estimated mean contribution amount increases with greater interest in the question and is offset by the parameters learned from his previous transactions. In online microfinance platforms the ground truth for the individual contribution amounts of past requests are not publicly known, but the total requested amount is known. We compute the optimal values of the parameter set K = {µ i , σ i , S, T} by maximizing the log-likelihood between the real and the total implicit contribution amounts. To obtain the estimated requested amount, we follow a similar procedure for all the contributors of the past request. Combining the amounts of by all the contributors, and assuming independence, we get the estimated requested amount drawing from the normal random variable N (m, v), whose mean and variance is given by
We then equate the estimated requested amount to the actual requested amount a and compute the likelihood function as
Taking the natural logarithm of the likelihood, we obtain the log likelihood function as
To obtain the optimal value of the parameters K = {µ i , σ i , S, T}, we minimize the negative of the log-likelihood
We compute the parameters K = {µ i , σ i , S, T} by coordinate gradient descent, keeping one parameter constant and obtaining the gradient of the other. The update equations for the parameters are given below
We repeat this procedure for all the past requests and obtain optimal values of the parameter set K for the corresponding contributors.
For each new request in the test set, we obtain the candidate set C corresponding to the request. We then compute the probable amount contributed by each contributor in the candidate set drawing from N (m i , v i ) with mean m i and variance v i as
Here s 0 is the initial value of the contributor i is willing to contribute to the platform and t is the time elapsed since he first joined on the platform. The set K = {µ i , σ i , S, T} are the optimal values of the parameters representing the financial information of the contributors computed from the past requests. We then sort the contributors in the candidate set in decreasing order of the probable contribution to the request and return to the requester as a ranked list. The procedure is summarized in Algorithm 1.
Algorithm 1: Facilitating Microfinancing Requests
Data: q, c, p, K, P Result: Recommended list for requesters for l ∈ P do Obtain contributor set from R for request l. Compute overall estimated m and v from Eq 6. Compute log likelihood of the L(θ ) from from Eq 8. Construct the optimization function from Eq 9. while until convergence do update K using Eq 10. end end Obtain candidate contributors U for test request. Compute m i and v i for C from Eq 11 using optimized K. Sort the contributors in decreasing order of probable contribution and return to the requester.
The inputs to the algorithm are the word-vector of the given request q, the word-vectors of the interests of the contributor c and the past requests he has contributed towards p, the parameter set K, and the training set of requests P. The expected output of the algorithm is the ordered set of contributors recommended for the given request. For each request in the training set P, we first obtain the list of contributors from the past request matrix R. We estimate the requested amount by adding all the means and variances of the individual contributions of the list of contributors as shown in Eq 6. We compute the log-likelihood using Eq 8. We then maximize the log likelihood and update the value of the parameters in K until convergence using Eq 10. We repeat this procedure for all the past requests to obtain the optimal values of the parameter set K.
We next use the parameter set to identify contributors to the given request as follows. We obtain the candidate contributor set C for the given request. For each contributor u i in the candidate contributor set C, we estimate their probable contribution amount using Eq 11 from the optimal values of the parameter set K. We sort the contributors in the candidate set according to the probable contribution of each contributor to the given request in descending order to return to the as a sorted list.
Until now, we described our framework to identify contributors for a given microfinancing request. We next compute the time complexity of the framework to demonstrate its scalability in large datasets usually prevalent in online microfinancing platforms.
Time Complexity Analysis
We now present the time-complexity to demonstrate the scalability of the framework for large datasets prevalent in online microfinancing platforms. The majority of the time complexity comes from the update equations in Eq 10. The complexity of
Therefore the overall complexity of the proposed algorithm is low owing to the sparsity of the word vectors and the low magnitude of latent dimension n, indicating the scalability of the framework to a large dataset.
In this section, we proposed a set of measures to correlate the requests and contributors with contributor interests and past response. We utilize the proposed measures to design financial models from the past implicit contributions to previous requests. We then utilize the financial models to identify contributors for new requests in online microfinancing platforms. In the next section, we present the collected data and experiments designed to evaluate our framework.
EXPERIMENTAL EVALUATION
In this section, we describe the dataset and use the dataset to evaluate our framework. We use the dataset to answer the following questions: How effective is the framework in identifying prospective contributors for requests in online microfinance platforms? How does the framework perform for requests with different amounts and number of contributors? How does the framework perform with varying proportions of training data size? We first present the dataset with some relevant analysis to understand some of its salient aspects. 
Data Analysis
We collect the dataset from the microfinance platforms Kiva and DonorsChoose. Kiva provides a platform through which small entrepreneurs who are in need of funding can take the help of field partners like non-governmental organizations, while DonorsChoose focuses on asking donations to enable education infrastructure for teachers in need. The requests can be seen by potential contributors who can contribute part of the requested amount. Each request can be potentially fulfilled by a large number of individual contributors. The statistics of the collected datasets is given in Table 1 . We describe the collected statistical data in the Kiva dataset. We collect 68,500 requests which have a total of 293,736 contributors. We select only successful requests to ensure optimal training of our algorithm. The total contributions across all requests are 1,300,616 with a median of 12 contributions per request. This indicates that requests in microfinancing platforms require a lot of contributors to get fulfilled. The total amount requested for is around $54 million with a median amount of $475 indicating the high activity of the site. Each request is accompanied by a brief description outlining the necessity for funding. Similarly, each contributor also describes himself outlining his purpose of being on the site and his primary interests. We also collected the request, and contributor descriptions and a total of 625,243 words are used in the requests and the contributors. Comparable statistics can be seen for all the parameters can be seen for the DonorsChoose datasets.
We next characterize various aspects of the dataset from Kiva and DonorsChoose datasets. The characterizations of the dataset regarding the traits of the contributors and requested amount are plotted in Figure 3 . Figure 3 (a) plots the number of contributors each request in the dataset has received. We take the natural logarithm of the number of contributions each request receives. We increment the values by 1 so that requests with a single contribution to emphasize the requests having a single contributor. We sort it in the descending order and plot it on the y-axis and plot the requests on the x-axis. From the figure, we can see that a few requests obtain a large number of contributors and a large number of requests receive a lesser number of contributors. We plot the number of contributions each contributor makes in Figure 3(b) . Similar to Figure 3(a) , we take the natural logarithm of the number of contributions each contributor makes, increment it by 1. We plot this on the y-axis sorted in descending order and the corresponding contributors on the x-axis. From the figure, we can see that a large percentage of contributors make a single contribution and a small number of contributors make a large number of contributions. We will evaluate the performance of the framework for requests with a varying number of contributors in Sec 4.4.
We next present characteristics of the dataset related to the amount requested. Figure 3 (c) plots the amount asked by each request. The amount is sorted in descending order and plotted on the y-axis, and the corresponding requests are plotted on the xaxis. This follows a power law distributions where a few requests ask for large amounts while a large number of requests asking for lesser amounts of money. Overall, from the figure, we can see that a substantial amount of money is being requested across all requests on the platform. We next examine the requests contributed by each contributor and the amount asked by request. We then plot the average of the amounts asked for all the requests the contributor has contributed in Figure 3(d) . From the figure, we can see that this too follows a power-law distribution with a few contributors contributing to requests with large amounts and also provides an indication of the varying contributions of different contributors.
We will evaluate the performance of the framework for requests with a varying number of contributors in Sec 4.5.
Until now, we described the dataset and presented some analysis to understand some salient aspects of it. We now use the dataset and design experiments to evaluate our framework. We first describe the baseline we use to compare the performance of the framework.
Experimental Settings
In this work, we use the metrics Mean Average of Precision (MAP), Precision @K (Pre @K) and Mean Reciprocal Rank (MRR) to evaluate the performance of the different approaches. We compare the proposed framework against the following baselines:
• Random Selection: This method randomly select contributors from the dataset and the mean values of the evaluation metrics over 10 trails are taken. This is done to assess the difficulty of the problem.
• Sulprus Maximization [33] : The authors estimate the number of individual contributions using overall surplus maximization. We use the contributor interest to measure surplus. We use this baseline to evaluate the effectiveness of amount estimation for the proposed task.
• Topic Match: This baseline measures the matching between the latent representations of the contributor interests and requests as measured by Non-Negative Matrix Factorization [19] . We use the methods to assess the effectiveness of content matching to the proposed problem.
• Promotion [7] : The authors extract different features related to textual, contributor, requested amount, and time delay to identify useful projects for contributors. We use this work to evaluate the effectiveness of the features examined here for the proposed problem.
In the rest of the section, we describe experiments designed to evaluate the framework using the evaluation metrics. In Section 4.3, we evaluate the performance of the framework in identifying contributors for requests on microfinance platforms. We divide the dataset into ten equal time epochs. We keep the first nine epochs for training and the last time epoch for testing. Next, we evaluate the robustness of the framework for varying contributor counts in Section 4.4, and varying requested amounts in Section 4.5.
Identifying Contributors
We now evaluate the performance of the framework in identifying contributors who can contribute effectively to funding requests in micro-financing platforms. We employ the procedure described in Algorithm 1 scoring the requests and the candidate contributors in the test set. For each request, we rank the candidate responders and employ the evaluation metrics to evaluate the performance of the framework in comparison to the baselines. The results of the experiments are presented in Table 2 .
From the table, we can see that the performance of random ordering is low demonstrating the difficulty of the problem. The performance of Sulprus Maximization [33] improves upon the random performance showing the utility of estimating the individual contributions in identifying potential contributors. The improved performance of TopicMatch shows that the correlation of the contributors with the requests is a strong indicator for identifying contributors. The improved performance in Promotion [7] showcases the use of temporal and requested amount in identifying contributors to microfinance requests.
Our framework considerably outperforms existing baselines by a significant margin, thus demonstrating the utility of measuring the effect of past contribution amounts on user inclination for identifying contributors to online microfinance requests. This also demonstrates the effectiveness of the model in inferring implicit contribution amounts and modeling their effect on contributor inclination. We performed a paired t-test to compare the results with the baselines that showed that the improvement is significant with p < 0.001.
In summary, we can say from Table 2 that our framework is effective in identifying contributors for requests posted in microfinancing platforms. Next, we will examine the effect on the performance of the framework due to variation in training data size and parameter values.
Performance across Contributor Counts
As observed during analysis of the data related to the contributor counts received by requests in Section 4.1, the number of contributors varies widely for different requests in the dataset. We now evaluate the performance of the framework for requests with a different number of contributors to evaluate its robustness. We plot the performance of the framework and the nearest baseline [7] in Fig 4(a) and Fig 4(b) using the MAP and Pre@10 metrics. We order the test requests in increasing number of contributors it obtained and plotted it on the x-axis. For each contribution count, we compute the performance of the framework for requests having the same or lesser number of contributors and plot it on the y-axis. We present the results from the dataset from Kiva for the subsequent experiments to maintain better focus on the underlying concepts. We make the following observations from the two figures. From Fig 4(a) and Fig 4(b) , we notice that the framework outperforms the baselines for requests with a wide range of contributor counts. This demonstrates the robustness of the framework across requests with different counts of contributors. The framework performs relatively well with requests with a small number of contributors in both the metrics. The performance of the framework in MAP is lesser for requests with a higher number of contributors for both our framework and the baseline, showcasing the difficulty of the task when contributor count increases. From Section 4.1, we saw that the most requests have a small number of contributors, showing the effectiveness of the framework for identifying contributors for a wide range of requests.
In summary, the framework performs well for requests having a wide range of contributor counts and is robust to their variation, demonstrating its effectiveness for identifying contributors for different kinds of requests in microfinancing platforms. Next, we will examine the effect of the variation of the requested amount on the performance of the framework.
Performance across Requested Amounts
As observed during analysis of the data related to the requested amount asked by requests in Section 4.1, the requested amount Table 2 : Performance evaluation of the framework. Our method outperforms baselines by a significant margin. varies widely across different kinds of requests. We now evaluate the performance of the framework across requests asking for various amounts. We then plot the performance of the framework and the nearest baseline [7] in Fig 4(c) and Fig 4(d) using the MAP and Pre@10 metrics. We order the test requests in increasing amount of requested contributions and plot it on the x-axis. For each requested amount on the x-axis, we compute the performance of the framework for requests asking for the same or a lesser amount and plot it on the y-axis. From Fig 4(c) and Fig 4(d) , we notice that the framework outperforms the baselines for requests asking for a broad range of amounts. This demonstrates the robustness of the framework for identifying contributors for a wide variety of requests. The framework performs relatively well with requests requesting a small number of amounts for both the metrics. From Section 4.1, we saw that the most requests request small amounts, showing the effectiveness of the framework for identifying contributors for a wide class of requests in microfinancing problems.
In summary, the framework performs well for requests having a wide range of requested amounts and is robust to their variation, demonstrating its effectiveness for identifying contributors for different kinds of requests in microfinancing platforms. Next, we will examine the effect of the variation of the training data size on the performance of the framework.
Effect of Variation in Training Data Size
We now examine the change in the performance of the framework with varying proportions of training data. This enables us to examine the performance of the framework when less amount of training information is available and also assess the robustness of the framework with varying training data size. We divide the dataset into ten equal time periods. We keep the first nine epochs for training and the last time epoch for testing. We further train the framework with different proportions of the training data and evaluate the performance using the test dataset. The different proportions of the training dataset we use are {1%, 2%, 5%, 10%, 20%, 50%, 100%}. We plot the results of the experiment in Fig 5(a) and 5(b) and make the following observations.
From the figure, we can say that the performance of the framework increases with increasing proportion of training data. The framework shows a good performance when 30% of the data is used for training, outperforming the nearest supervised baseline [21] , demonstrating that it performs well for fairly low training data sizes. We observe a small dip in performance for higher proportions of training data, and this may be due to insufficient testing data. The performance increases with increasing training data, showing the ability of the framework to utilize the training data points effectively to identify contributors to requests posted in online microfinancing platforms.
In summary, the figure demonstrates that the framework performs well in the presence of small amount of training data and that the framework is effective in learning when more training data is available. This also demonstrates the effectiveness of the proposed framework in exploiting available financial information for identifying such contributors.
In this section, we evaluated the framework and compared it with existing baselines. We then examined the effect of variation of contributor count and requested amounts on its performance. We finally evaluated its performance in the presence of varying training data sizes. We next place our framework in the context of existing literature.
RELATED WORK
We present related literature in four categories: the study of resource seeking in social media, the recommendation in online microfinancing platforms, online microfinancing platforms, and Brownian motion models in online platforms.
Resource seeking in social media has received considerable attentions recently [11, 20, 32 ]. An analytical study of the primary motivations for information seeking and responding in Twitter is presented in [22, 24] . A study of requests and responses received in Facebook [11] presented information seeking as a tool for resource mobilization in social media. Systems have been proposed to identify responders for social media requests to match request content with profile information [14] and use crowdsourced technology [16] . A method for recommending users who can answer requests in social media [21] models temporal, behavioral and content related factors to identify suitable users. An unsupervised framework to identify users who can provide relevant answers for a given social media request is proposed in [29] . These works help social media users to find responders who can provide the information they need and do not address financial requests.
Identifying responders for online microfinancing requests have been addressed in recent literature [8, 33] . A feature based approach based on contributor interest, profile and temporal information was designed to identify appropriate projects to communities [7] . These works provide an insight to design recommender systems for microfinance platforms but do not try to estimate and leverage past contribution amounts. Estimation of individual contribution amounts has been addressed in [33] by maximizing the overall surplus for the investor. These microfinance platforms do not provide interests to the contributors, and moreover, the effect of implicit contribution amounts on user inclination is not taken into consideration. We evaluate our framework using these models proposed in the literature as baselines and the experiments demonstrate that our framework significantly outperforms them.
Increasing attention has been devoted to characterizing user behavior in crowdfunding platforms [5, 6, 13] . The authors in [12] tracks the early rise of online microfinancing and stated that the access to a large number of potential donors could unleash the entrepreneurship of the poor. The motivations of contributors to contribute money is studied in [15] and the desire to help others and be a part of a cause is stated to be a common motivator for contributors. The donor retention in online crowdfunding platforms has been studied in [2] and positive interaction and acknowledgment of their support are found to be predictive of returning donors. Algorithmic systems for crowdfunding domains proposed in the literature include connecting contributors to appropriate teams [6] , using communities to identify projects for contributors [7] , and identifying appropriate projects to groups of contributors [27] .
The study of Brownian motion on online platforms has been investigated in [34] [35] [36] . The theoretical development for adapting Brownian motion in the network environment has been considered in [36] , with applications in community discovery. Brownian motion has been used to model information propagation processes in the presence of external influence in social networks [17, 28] and the authors model the diffusion process across the propagation network to predict protest participation. Brownian motion models have been used to model financial time series data, including model movements of stock price due to its ability to model sharp changes [31] and to model variation in commodity prices due to change in contributor preferences over time [9] .
CONCLUSIONS AND FUTURE WORK
Existing microfinancing platforms deal with a large frequency of funding requests, preventing people seeking financial assistance from getting appropriate assistance from potential contributors. Fulfilling financial requests has a cost on contributors which can affect his inclination to contribute. We draw from financial modeling literature to propose a novel framework to identify potential contributors in microfinancing platforms by modeling the effect of implicit individual contribution amounts on his inclination to contribute. We evaluate the framework on two microfinancing platforms to demonstrate its effectiveness in identifying contributors. The robustness of the framework has been shown with varying proportions of information related to contribution counts and requested amounts. We finally evaluate the ability of our framework to identify contributors in varying proportions of training data and demonstrate its effectiveness in the presence of less information.
For future work, techniques such as word-to-vec which are effective for low-dimensional representation, can be integrated into the algorithm to better address novel requests containing words not seen during training. Incorporating features like teams, contributor and request profile information to estimate amounts can further improve the performance of the framework. Estimating contribution amounts considering network effects will provide insight into how contributors are influenced by the donation behavior of their neighbors. Evaluating the privacy issues in leveraging past contribution amounts can shed lights on the characteristics of user vulnerability on microfinancing platforms. Modeling the effect of competition among requesters for identifying contributors will bring new insights on how people compete in a resource constrained environment. Predicting requesters who are prone not to repay the loan will help in increasing the satisfaction of the contributors and increase their faith in the microfinancing platform.
